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Abstract. Ontology is the fundamental representation used to link the various concepts of each ﬁeld. It is
widely utilized in the agricultural sector for the classiﬁcation and expansion of new data and understanding.
Besides this, the agriculture ontology enables optimization of feature weights to exact text from the source.
However, the conventional methods exploit the vector space model for the indication of context. Nevertheless, it
is not an exact solution since it has some shortcomings like undeﬁned dimensionality and insufﬁciency of
semantic data. Hence we propose a novel Naı̈ve Bayes Classiﬁer using Levy Flight distributed optimization
algorithm-based agricultural ontology to optimize the text mining. The dimensionality of the text tagging can be
reduced with the aid of Principal Component Analysis and the dimensionally reduced data can be mapped by a
feature mapping method. Further, the Naı̈ve Bayes classiﬁer is exploited to estimate the weight of the text
features. Furthermore, the Levy Flight distributed optimization algorithm is exploited to optimize the feature
weight. Hence our proposed method provides better-optimized feature weight to perform the agricultural
ontology. Besides, our proposed method is compared with existing GA-DAM, RENT, GRO, and CCE methods
and concluded that our work has a better performance than all other works.
Keywords.

Ontology; Naı̈ve Bayes classiﬁer; levy ﬂight; mapping; dimensional reduction.

1. Introduction
Ontology is a branch of philosophy that explores topics like
nature, life, creation, and truth. The term Ontology has been
disoriented with epistemology sometimes, which deals with
comprehension and expression [1]. Although the term ontology emerged from philosophy, it was implanted in several
other engineering and information ﬁelds. In the ﬁeld of information science, ontology is rapidly gaining some traction as a
crucial method for managing comprehension using existing
shared theoretical knowledge [2]. Moreover, it provides
comprehensive acquisition, analysis, and application, thus it
bestows better management than the conventional methods.
The ontology-based comprehensive management is
exploited to meet the required management in the agricultural information management ﬁeld. It is also applicable in
the ﬁeld of formulation of agricultural information, clustering, and manages the comprehensive databases, R&D,
etc. [3]. Besides, FAO in 2001 launched the Agricultural
Ontology Service to access the polyglot agricultural thesaurus AGROVOC. Agricultural ontology is used to
address complex problems since the ﬁeld of agriculture
*For correspondence

needs more complicated facts and comprehension to relate.
Furthermore, agricultural data is distributed through
numerous locations and websites in various formats, providing structured data for a vast volume of unstructured
data. The extraction of comprehension from these dispersed
datasets is perplexed and the conventional search engines
most often return the ranked retrieval list which only provides low data on the semantic relationships.
Many researchers merge standard web search with the
ontological concept to enhance web search. However, both
expert and non-specialist users take longer to search and
interpret. A novel strategy is therefore essential to reduce time
consumption and distinguish between the different problems
associated with diseases, the cause and effect of different
diseases, and preventive measures. Hence we propose a novel
Naı̈ve Bayes classiﬁer using Levy Flight distributed Optimization algorithm based agricultural ontology design.
The contribution of our work is deliberated as follows.
• The collected data are analyzed and tagged by using
POS tagging schemes.
• The dimensionality of tagged data is reduced by using
the PCA technique and mapped the ontology using
M-tags.
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• The feature weighting is performed by exploiting the
Naı̈ve Bayes classiﬁers algorithm.
• The optimized feature weight is obtained by exploiting
Levy Flight distributed optimization algorithm.
The rest of the paper will be arranged accordingly. The
background of the work is deliberated in section 2. The
proposed approach is presented in section 3, which uses the
PCA method and Nave Bayes classiﬁers combined with the
Levy Flight distributed optimization algorithm to demonstrate the agricultural ontology. The simulation results are
brieﬂy explained in section 4. Finally, the conclusions are
given in section 6.

2. Related work
The new approach to automated construction for domain
ontology was proposed by Wang Ting et al [4], according to
machine learning algorithms [5–10]. The large-scale e-Gov
ontology is automatically constructed using this procedure.
The information graph revolution raises the bar for semantic
analysis and search. The domain ontology is largely built
using conventional similarity algorithms in machine
learning, with access to vast amounts of online encyclopedia content. Low-performance outcomes are caused by
incorrect individual classiﬁcation and triples. Iino Nami
et al [11] presented the guitar rendition ontology (GRO),
which contains 96 principles for learning and teaching
support. The relationships among 18 properties and renditions are described. The Ontology Web Language (OWL)
enhances machine-process ability and machine-readability.
The knowledge presentation and guitar rendition domain
with additional information are obtained from the experimental results. The annotation method is stated in order to
incorporate knowledge from scores and ontologies. With
the advancement of smart agriculture and the Internet of
Things, emerging technologies are now able to make agricultural processes with massive amounts of data collection
feasible.
The integration of agricultural data from heterogeneous
sources is introduced by Jiang et al [12]. The relevant data
published in online social networks with knowledge from
different types of IoT devices are used. For information
extraction and integration, there is a possibility to provide
linked data and semantic technologies. The initial stage has
developed an ontology of the previous thesaurus, consisting
of vocabulary. To validate the constructed ontology, the
pests and crops from the learned ontology were extracted.
Arnaud et al [13] addressed the CGIAR Platform of
Ontologies Community of Practice (CoP) value for Big
Data in Agriculture. The ontologies and vocabularies control the metadata, labels, and data as recommended by the
FAIR principles. The ontologies created directly support
platform development teams and CoP-simulated information sharing. Though gold standard datasets are difﬁcult to
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access, deﬁning mitigation options and proposing best
practices is possible. It takes a larger execution time to
evaluate the results. Chukkapalli et al [14] proposed the
connected cooperative Ecosystem (CCE), which deﬁnes the
sensors. Different interactions occurred between co-op,
member farms, and shared resources. The individual
farmers have started utilizing precision agriculture technologies in order to attain the food needs of the escalating
population. The co-op ecosystem regulates how situations
like resource sharing, which are part of the prototype
agriculture co-op use case scenarios, are managed. There is
a knowledge gap in order to keep up with new agricultural
trends.
The generic ontology-based data acquisition model (GADAM) has been proposed by Aydin and Aydin [15] to construct a data acquisition, according to the Model View
Controller (MVC) design pattern. The Hazelnut Ontology is
integrated by developing an instrument named OWL2MVC.
Fifty-three respondents with usability validate the performance of OWL2MVC tool. For agricultural open data platforms, the required support with stakeholders is provided and
the experimental results demonstrate better usability scores.
Tungkwampian Wachana et al [16] proposed a novel ontology technique for developing a knowledge base of Thai
herbal medicine. The knowledge of Thai herbal medicine is
clariﬁed to solve problems in the treatment of Thai medicinal
plants, as well as the overall image of disease, with a good
understanding and a lack of taxonomies. The connection
among domain knowledge concepts and key concepts is
identiﬁed via the ontology technique. The Thai Herbal
Medicine Ontology(THMO) includes use method, health
problem, tri-that, taste, clinical warning, herb material, ﬁnished product form, and formulation. Speciﬁcally, the Thai
Herbal Medicine Ontology includes the Use Method, Health
Problem, Tri-That, Taste, Clinical Warning, Herb Material,
Finished Product Form, and Formulation (THMO). Six traditional physicians, two ontology engineering professionals,
and eight technical experts determine the validity of THMO.
Six traditional doctors, two ontology engineering specialists,
and eight professional experts evaluated the validity of the
THMO technique.

3. Proposed approach
The following section describes our proposed Naive Bayes
classiﬁcation scheme based on the Levy ﬂight algorithm for
agriculture ontology construction. Figure 1 illustrates the
ﬂowchart of our proposed system.

3.1 Data analysis
The data analysis began with agricultural-based feedback
from users, and it contains some useful information related
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3.3 Tagging
Text data is tagged in order to simplify the different issues
ahead of time. By allowing and admitting many standard
tag formats, we can avoid all NLP issues while also
assuring the effectiveness of term processing. The tagging
can be performed by NERS tag set [17] and Wordnet before
applying the dimensionality reduction. The standard tags
are listed in table 1.
Example: Input: ‘we’, ‘get’, ‘more’, ‘mangoes’, ‘in’,
‘the’, ‘summer’, ‘season’.
Tagging: output: ‘we, NN’, ‘get, VB’, ‘more, JJ’,
‘mangoes NN’, ‘in PREP’, ‘the JJ’, ‘summer NN’, ‘season
VB’.

3.4 Dimensional reduction using modiﬁed
principal component analysis
The modiﬁed Principal Component analysis is an efﬁcient
method to reduce the dimensionality of the text document
or any documents [18]. Let us consider a matrix M. It can
be normalized to construct three matrixes G, H, I by considering the objects of context, attributes of context, and
context incidence relation properties.
The
for objects of context G can be determined as,
 matrix

G ¼ gij ðabÞ


gij ¼ mij  mj =bj ði ¼ 1; 2; ::::; a; j ¼ 1; 2; ::::; bÞ

Figure 1. Flow diagram of our proposed methodology.

to pest detection, disease outbreaks, crop protection by
fertilizer usage, etc. The farmer or user needs to gain a
deeper understanding of the applications. As a result, they
provide input data in the form of text, audio, a page or
book, and so on. The comprehensive data are collected
from the farmers, small and medium enterprises such as the
orchid association, and extension workers. After that, the
text data are segmented semantically.

ð1Þ

Here, mij represents the jth text estimated at the ith documents; mj represents the spatial average of the jth text; bj
represents the standard deviation of jth text; gij indicates the
objects of the context of mij.
The matrix of attributes of context can be determined as
 
ð2Þ
H ¼ hij ðabÞ
Here, hij represents the attribute index of the document
mij.
The matrix for the context incidence relation can be
given as
 
ð3Þ
R ¼ rij ðabÞ

3.2 Segmentation
The text data are segmented semantically to form small
units known as tokens. The nature of tokens may vary. It is
otherwise known as word segmentation. The unsegmented
text data includes extra morphological and linguistic data.
This can be explained by the following illustration. Consider an input text data, ‘we get more mangoes in the
summer season and the output for this input can be segmented as, ‘we’, ‘get’, ‘more’, ‘mangoes’, ‘in’, ‘the’,
‘summer’, ‘season’.

Table 1. Some of the NERS POS Tagset.
Sl.no.
1
2
3
4
5

NERS POS tags
NLOC
JJ
NN
CC
PREP

deﬁnition
Noun location (place)
Adjective (need)
Noun (farmer)
Conjunction (and, But)
Preposition (PREP)
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e
1X
rij ¼ sgn
ðmk  mij Þ2 =mij
e k¼1 ij
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Here, rij represents the context incidence relation of mij;
mkij is the estimated measurement at kth iterations; mij the
average context of mij; e indicates the aggregated lattice
values, sgn represents the sign function which outputs the
value of 1 for increased progress of mij, or else it outputs
-1 value. The value of a and b equals 2 and it is an incidence matrix.
The dimensional reduction tags can be extracted by
exploiting the above equations of the PCA technique and
can be given as,
NNP, NNS, RB, PREP, JJR, NN, PUNC, VAUX, NEG,
QW

The values of DR tags range from 0 to 1 and it creates the
lattice by utilizing the lattice value set of E.
After computing the matrixes for objects of context,
attributes of context, and context incidence relation properties, the three-dimensional characteristic space matrix has
to be estimated to reduce the dimensionality of the taken
datasets. It can be given as,
xij ¼ gij~
g þ hij~
h þ rij~;
r ði ¼ 1; 2; ::::::; aÞ; ðj ¼ 1; 2; ::::::; bÞ
ð5Þ
Where gij, hij, and rij are the derived matrixes from the
matrix M on the perspective coordinates of the characteristic space (C-Space). Xij is used as an estimated vector of
g; ~
h; and ~
r is used as the
the jth text of ith document, ~
coordinate vector in the C-space. Hence the dimensional
reduction tags can be related by the context incidence and
can be illustrated in table 2. For example consider the input:
‘we, NN’, ‘get, VB’, ‘more, JJ’, ‘mangoes NN’, ‘in PREP’,
‘the JJ’, ‘summer NN’, ‘season VB’. After the dimensional

reduction, the output can be given as,: ‘we, NNP’, ‘get,
VB’, ‘mangoes NNP’, ‘in PREP’, ‘the JJ’, ‘summer NN’,
‘season VB’.

3.5 Feature mapping
After reducing the context dimensionally, the next process
in the construction of ontology is mapping the text context
with the newly created ontology. Our proposed method
involves two main steps feature mapping and feature
weighting. The mapping process initiates with the subject,
object, and afﬁrms. Furthermore, the Mapping tags are
extracted from the dimensionally reduced data and saved as
afﬁrms. The feature mapping can be performed with the aid
of Mapping_tags based on ontological concepts. The
mapping concept is illustrated in algorithm 1.

Where Voi represents the object vector. The feature
weighting is performed to extract the weighted term from
agricultural ontology and it is clariﬁed in the following
section.

3.6 Proposed attribute weighted Naı¨ve Bayes
algorithm
In our proposed agriculture ontology, the attribute weighted
Naı̈ve Bayes algorithm [19] is exploited to deny the irrelevant and errored ontology processes. The Naı̈ve Bayes
algorithm is a classiﬁcation-based technique utilized to
analyze the irrelevant class from the available features.
Basically, each text in the documents holds some weight
which is approximately equivalent to its class tags. Class
tags are used to predict the accuracy of the output to
enhance the applicability of ontology in the agricultural
ﬁeld. To implement the weight-based optimization we have
taken weight-based analyses explained in [20, 21] and
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Table 2. Context incidence relation with the terms.
Context Incidence
Relations

Regarding

General
Phrase

Variety, Crop,
diversity, type

Cultivate_in
spread in, grown in,
thrive in,
ﬂourished in

reformulate the techniques by considering the exact
objective of context and exploiting different weighting
techniques. Consider the matrix ~
g; ~
h; and ~
r where i= 1,
2,…., N, and N is the number of contexts in the data. Wi =
(Wi1, Wi2,…., Win) and n is the number of features extracted
g; ~
h; and ~.
r For an
from the context. Ci is the class tags and ~
instance, we are considering two weights for each feature.
One for class tag C1=1 and another one for C2=-1.
Exploiting two weights the text context can be classiﬁed as,
CP ¼ arg max PðCz Þ
1z2

n
Y

d
P Wij jCz jk

ð6Þ

j¼1

The value of djk varies with the value of Wi, if it is real
then djk can be represented as dj and if it is imaginary then it
is given as dj . ‘djk’ is the feature vector. CP is the predicted
class label for data, k is the set of terms extracted, P(Cz) is
the probability of the class variable. Wij is the terms in the
document. Moreover to enhance the real term value

d
Q
the
imaginary
value
PðCz Þ nj¼1 P Wij jCz j

dj
Qn
PðCz Þ j¼1 P Wij jCz should be minimized. This can be
obtained by estimating the weight of each term feature in
the documents [21].

TðwÞ ¼

N
X
i¼1

PðCz Þ
PðCz Þ

n
n

d

d
Q
Q
P Wij jCz j PðCz Þ P Wij jCz j
j¼1
n
Q
j¼1



P Wij jCz

dj

þPðCz Þ

Climate_cond

j¼1
n
Q



P Wij jCz

dj

j¼1

ð7Þ
Here, T(w) represents the weights of the features in the
document. Here we are considering only positive or real
values. To limit the maximum weight for the features we
have implanted Levy Flight distributed optimization algorithm along with NB classiﬁer.

3.7 Levy ﬂight distributed algorithm to optimize
the feature weight
The global and local optimization of feature weights
can be constrained by exploiting the Levy ﬂight

Inﬂuenced_by

weather, season, zone,
country, region

Impacted, Dominated,
determined, intimidated

distributed algorithm [22]. The Levy ﬂight algorithm
can be implemented by considering two factors step
size and the direction that aids to attain the destination
or expected constrained values. This can be obtained
with the help of uniform distribution. However, the
step length can be estimated by exploiting the following equation.
L¼

V
jU j1=a

ð8Þ

From equation (8), the levy distribution a tends to the
interval 0\a  2. Where, V and U is given as:
V  Mð0; r2V Þ;

U  Mð0; r2U Þ

ð9Þ

rV and rU can be represented as the standard deviations
and can be given as,


Cð1 þ aÞ  sinðpa=2Þ
rV ¼
ð10Þ
C½ð1 þ aÞ=2  a  2ða1Þ=a
rU ¼ 1

ð11Þ

To denote the gamma function we are considering an
integer y and hence the gamma function is determined as,
Z1
CðyÞ ¼

ky1 ek dk

ð12Þ

0

The Euclidean Distance among the initial two adjacent
weight of features such as Ym and Yn are computed using
the LFD algorithm.
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ð13Þ
EDðYm ; Yn Þ ¼ ðYm  Yn Þ2 þ ðZm  Zn Þ2
Here (ym, zm) represents the location coefﬁcient of Ym,
and (yn, zn) denotes the location coefﬁcient of Yn. Then
the ED is compared with the threshold distance i.e.,
constraints used to optimize the weight of the features,
and if the ED is smaller than the threshold distance, then
the LF changes the location of features by using the
equation below.
Yn ðk þ 1Þ ¼ LFðYm ðkÞ; YLeader ; UB ; LB Þ

ð14Þ
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Here, k is used as evidence for the number of iterations,
LD is the Levy Flight distribution function exploited to
perform based on the step length and constraint value. UB,
LB is used to denote the upper and lower constraints of the
weight of the features. YLeader is used to indicate the location of text context with the least number of neighbors used
for the Levy Flight constraint value. Eq. (14) is exploited to
obtain the weighted features with the required constraint
values.
Yn ðk þ 1Þ ¼ LB þ ðUB  LB Þ random ð Þ

ð15Þ

Where random () is a random function that can be used
to create a uniform distribution [0,1]. Moreover, Eq. (15)
can be exploited to predict the unexplored weighted features and thus enhances the exploration ability of our proposed methodology.
Com SV ¼ 0:5

ð16Þ

The weight of the feature Yn can be upgraded in each run
by testing the random number in eq. (15). ComSV is the
scalar value used to compare the upgraded location of Yn
with the incorporation of random numbers. While executing the process if it generates a value that is less than the
ComSVin eq. (16), then the process runs the eq. (14). Else, it
will iterate the eq. (15) to unveil the unexplored weights of
the features. Thus it enables the exploration capability of
our proposed method. Then the location of text context Ym
can be upgraded by using eq. (17)
Ym ðk þ 1Þ ¼ TP þ b1  TFneighbours þ random ð Þ  b2  ðTP
þ b3 YLeader Þ=2  Ym ðtÞÞ
ð17Þ
YmNew ðk þ 1Þ ¼ LF ðYm ðk þ 1Þ; TP ; UB ; LB Þ

ð18Þ

Eq. (17) gives the upgraded location or weight of Ym and
Eq. (18) gives the destination or ﬁnal weight of Ym. However, the optimized weight of words or features can be
estimated by the ﬁtness function Tp. ‘b1’, ‘b2’, and ‘b3’ are
the random variables that lie between 0 and 10. Further, the
estimated optimized weight of the adjacent word TFneigbors
can be given as,
TFneighbours ¼

MM
X
EðjÞ  Yj
j¼1

MM

ð19Þ

Here, Yj denotes the location of the neighbor of Ym(k),
and the evidence for the neighbor can be denoted as j. The
aggregated amount of neighbors of Ym(k) is denoted as MM,
the ﬁtness degree of neighbors can be given as,
EðjÞ ¼
Here,

o1 ðU  MinðUÞÞ
þ o2
MaxðUÞ  MinðUÞ

ð20Þ

U¼

Fit ðYm ðkÞÞ
;
Fit ðYm ðkÞ

0\o1 and o2  1

ð21Þ

In ﬁgure 2, the ﬂowchart of our proposed Levy Flight
algorithm is illustrated.

4. Result and Discussion
In this section, we evaluate the performance of the
proposed Naive Bayes Classiﬁer using Levy Flight
Distribution Optimization Algorithm (NBC-LFDOA)
for agricultural ontology design. The agricultural
dataset used in this work is collected from various
government agricultural websites and ﬁles. The writing
style of each document follows a particular ﬁxed text
pattern. The agricultural domain experts are the ones
who selected these data by carefully evaluating the
agricultural text of more than 1500 words [23]. Text
data is gathered from the following websites: Food and
Agricultural Organization of India (fao.org), Government of India websites on agriculture, such as Farmers
Portal (farmers.gov.in), Department of Agriculture,
Partnership and Farmers website (agricoop.nic.in), and
Farmers website of India (farming India. in). A total of
25 ﬁles are used for training and the remaining 25 ﬁles
are used for testing.

4.1 Performance measure
The proposed work performance was validated with the
help of various evaluation criterions such as precision,
recall, and F-measure. The following mathematical
expression explains each performance measure.
The precision determines the proportion of suitable solutions and all suitable solutions are provided by the system
ability.
Pr ecison ¼

TPos
TPos þ FPos

ð22Þ

The system’s ability to reject unsuitable solutions is
mentioned by using recall.
Recall ¼

TPos
Tpos þ FNeg

ð2Þ

All suitable solutions are provided the system ability,
which is measured with the help of F-measures.
F  measure ¼

2  Pr ecison  Recall
Pr ecison þ Recall

ð3Þ

TPos  TNeg  FPos  FNeg
MCC ¼ pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ðTPos þ FPos ÞðTPos þ FNeg ÞðTNeg þ FPos ÞðTNeg þ FNeg Þ

ð4Þ
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Figure 2. Flowchart for our proposed Levy Flight distributed optimization algorithm to ﬁnd the optimal weight of terms.

The number of agricultural terms correctly identiﬁed by
the model is termed as TPos . The number of non-agricultural
terms labeled as signiﬁcant terms is represented as False
Positive(FPos ). The number of candidate agricultural terms
predicted by the model as the non-agricultural term is
represented as False Negative(FNeg ). The number of nonagricultural terms predicted by the model as the insigniﬁcant term is represented as False Negative (FNeg ).

4.2 Performance analysis
Table 3 shows a performance example of a recent selfsupervised extraction technique. Although the work

mentioned in [24] identiﬁes some meaningful terms from
the text domain, There is a ﬂaw in identifying domainspeciﬁc relationships from the underlying document. The
scheme’s relevant relations are unnecessarily linked to the
pair of terms identiﬁed. For example, it identiﬁes that the
food grain as a subclass of traditional development, and it
is wrong because traditional development is irrelevant to
agriculture.
Due to the higher weight of certain terms, the insigniﬁcant words are also selected as a candidate term by a lot of
machine learning techniques. To overcome this problem,
we used a Levy ﬂight distribution algorithm for obtaining
an optimal word that is mainly related to agriculture. To
distinguish these terms, there is no ﬁxed threshold value

Table 4. Candidate terms list example.
Elephant foot yam, Tuber crop, Vegetable, and
Crop
Subclass of (elephant foot yam, production )

The elephant foot yam is a tropical tuber crop
grown primarily in tropical Paciﬁc islands,
Southeast Asia, South Asia, and Africa. Because
of its production potential and popularity as a
vegetable in various cuisines, it can be raised as a
cash crop
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Input text One of the widely used root vegetables is potato, The peanut, also known as the groundnut, goober, or monkey nut,
and taxonomically classiﬁed as Arachis hypogaea, is a legume
which is native to Americans, a starchy tuber
crop grown mainly for its edible seeds. It is widely grown in
of the plant Solanum tuberosum, and the plant
the tropics and subtropics, being important to both small and
itself is a perennial in the nightshade family,
large commercial producers.
Solanaceae. Wild potato species, originating
in modern-day Peru, can be found throughout
the Americas, from the United States to
southern Chile.
Output
Potato, Root, Vegetable, Plant Solanum
Groundnut, Seeds, Peanut, Monkey nut, Edible seeds
terms
tuberosum, Species,
Output
Subclass(food crop, potato species)
Subclass(peanut, growth)
relations

Description

Set 1

Set 2

Set 3

Page 8 of 12

Table 3. A recent self-supervised extraction methodology output example.
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Valid word

Score

Food harvesting
Cultivation
Tomato
Brinjal
Agricultural
Flaxseed
Water
Pesticides
Leaves
Soil

50
89
9
10
233
27
19
5
133
129

Insigniﬁcant word
Public
Dry
Secondary
Conventional
Tables
Marbles
Average
Chair
Traditional
Key

Score
12
3
6
7
2
1
4
2
8
4

Table 5. Usual expressions with textual patterns for word
extraction.
Textual pattern

Relevant usual expressions

Optimal-word weather
(/w), (weather), 2, word, $, $, $
Optimal-word consumption (/w?), (consumption), 2, word, $, $,
$
Include optimal-word
(include), (/w?), 1, word, $, $
Millions of optimal-word (millions), (of), (/w?), 1, word, $, $
Growth optimal-word
(growth), (in), (/w?), 1, word,$, $
Optimal-word section
(/w?), (section), 2, word, $, $, $
Optimal-word productivity (/w?), (productivity), 2, word, $, $,
$
Cultivation of optimal-word (cultivation), (of), (/w?), 1, word, $,
$
Optimal-word harvest
(/w?), (harvest), 2, word, $, $, $
Growth in optimal-word
(growth), (in), (/w?), 1, word, $, $
Optimal-word hybrid
(/w?), (hybrid), 2, word, $, $, $
Such as optimal-word
(such), (as), (/w?), 1, word, $,$

obtained from the relevant ones. We have described a few
valid and invalid terms based on agricultural terms in
table 4.
Table 5 depicts the usual expressions with textual patterns for word extraction. In this work, we have used the
naı̈ve Bayes-driven levy ﬂight distribution algorithm for
optimal word extraction. This algorithm effectively extracts
the composite words from the agricultural text and particular domain patterns in the usual expressions for single
word extraction. The ﬁrst optimal word list from the text on
the ﬁeld of agriculture is identiﬁed with the help of these
twelve such patterns.
The random samples with respect to the recall result of
the word extraction algorithm are discussed in table 6.
There is 10 iteration with 50 pages are chosen for this
experiment. The valid agricultural words present in the 10
to 50 pages are 90, 288, 429, 489, and 504. The proposed
naı̈ve Bayes-based levy ﬂight distribution algorithm
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Table 6. The random samples with respect to the recall result of the word extraction algorithm.
Number of pages

10

Number of valid terms present in the input text
Number of valid terms extracted by the algorithm
Recall (%)

90
87
94.25%

20
288
279
95.03%

30
429
411
97.46%

40
489
480
98.20%

50
504
499
98.88%

Table 7. Identiﬁed samples associations.
A (Initial terms)
Sugarcane
Kharif crop
Groundnut
African rice
Cauliﬂower
Cabbage

Associations
is_intercrop
is_type_of
is_a
has_synonym
has_synonym
is_a

B (Secondary terms)
Potato
Crop
Edible seed
Oryza glaberimma
Crucifer
Leafy vegetable

Figure 5. Ontology diagram for pests.

Figure 3. Demonstration of is_a relationship between food
grains.

extracts 87, 279, 411, 480, and 499 valid words. Finally, the
10, 20, 30, 40 and 50 pages yields 94.25%, 95.03%,
97.46%, 98.20% and 98.88% recall results.
The identiﬁed sample associations are described in
table 7. This work deals with 4 associations including
is_intercrop, is_a,is_type_of, and has_synonym. For
example, the sugarcane is_intercrop of potato.

Figure 4. Agricultural ontology relating fruit and vegetable crops.
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Figure 6. Proposed NBC-LFDOA performance analysis, (a) Overall, (b) Soil, (c) Pests, and (c) Climate.

Figure 3 demonstrates the is_a relationship between food
grains according to the given dataset. The food grain
classiﬁed are rye, oats, maize, rice millet, barley, pulse, and
wheat. The agricultural ontology relating to fruit and vegetable crops is illustrated in ﬁgure 4. The fruit and vegetable is_type_of crops. From this, apple, lichi, mango, and
papaya is_a fruit crops. Similarly, the tomato, cauliﬂower,
potato, and carrot is_a vegetable crops. Particularly, the
potato is_intercrop of sugarcane. The ontology diagram for
pests is described in ﬁgure 5.
NBC-LFDOA performance analysis was provided in
ﬁgures 6 (a) - (d) in terms of overall agricultural ontology,
soil, pest, and climate effects. The performance is successfully analyzed via the performance evaluation measures

such as Matthews’s correlation coefﬁcient (MCC), ROC
area, PRC area, precision, recall, and F-measures. Figure 6
(a) explains the performance of the proposed ontology for
the overall class. Hence, the proposed method accomplished 87.2% MCC, 98.75% ROC area, 98.75% PRC area,
97.24% F-measure, 98.75% precision and 94.62% recall
values. The ontology results based on soil class are discussed in ﬁgure 6 (b). According to the experimental
analysis, the soil class yields 52.67% MCC, 99.21% ROC
area, 84.25% PRC area, 44.32% F-measure, 32.45% precision, and 97.24% recall values. Figure 6 (c) illustrates the
proposed performance validation in terms of pests. From
this, 36.41%, 99.21%, 91.64%, 24.63%,17.54 and 87.64 %
MCC, ROC area, PRC area, F-measure, precision and recall
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Figure 7. State-of-the-art comparison with respect to evaluation
measures.

values. Figure 6 (d) explains the proposed performance
with respect to climate class. In this analysis, the proposed
method achieved 92.34% MCC, 96.24% ROC area, 96.24%
PRC area, 92.34% F-measure, 99.21% precision and
85.32% recall values.
The state-of-art comparison with respect to evaluation
measures is described in ﬁgure 7. In this experiment, we have
selected different state-of-art methods including GA-DAM,
RENT, GRO, CCE, and the proposed method. Each of these
method performances is analyzed with three evaluation criterions such precision, recall, and F-measure. The proposed
method yields 90% precision, 94% recall, and 96% F-measure values. Anyway, the proposed method demonstrates
better and higher performance results than other methods.

5. Conclusion
This article proposed Naı̈ve Bayes Classiﬁer using Levy
ﬂight distributed optimization algorithm (NBC-LFDOA)
for agricultural ontology design. The dataset details are
collected from various government agricultural documents
and websites. Here, we have selected the Matthews correlation coefﬁcient (MCC), ROC area, PRC area, precision,
recall, and F-measures. The soil, pest, climate class with
overall class results in terms of the proposed work performance is validated. The random samples concerning the
recall result of the word extraction algorithm and the
identiﬁed sample associations are evaluated. While comparing to the GA-DAM, RENT, GRO, and CCE methods,
the proposed method accomplished 90% precision, 94%
recall, and 96% F-measure outputs. In the future, we will
plan to improve the proposed model with additional evaluation matrices with AI techniques and the Modiﬁed Black
Widow Optimization algorithm.
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